Obtaining information on burned areas has been studied and improved in the last decades, and the biggest question is the acquisition of consistent and detailed information about the occurrence of burnings in a simple and effective way. In view of this, remote sensing is a very interesting tool because it allows obtaining information in large areas of difficult access. The identification of areas burned by orbital data is directly related to their spectral behavior. The objective of this study was to analyze the performance of spectral indices in the identification of burned area in OLI/Landsat-8 satellite images. The indices for the before and after fire images were calculated using bands of red and near infrared: NDVI, MSAVI, SAVI, and GEMI, and bands of near infrared and short wave infrared: NBR, BAIMmod, and MIRBImod. The difference between pre and post-fire index was also calculated: dNDVI, dMSAVI, dSAVI, dGEMI, dNBR, dBAIMmod, and dMIRBImod. From these indices, six different compositions (RGB) were created and later they were segmented and classified in a non-supervised way and soon after made the extraction of the area of interest. The results of this classification were validated with the reference data obtained through the visual interpretation of the image. The methods had shown a good quality of classification, with a percentage of accuracy ranging from 85.54 to 92.46% and Kappa value of 0.70 to 0.89. The best method was the dNBR, NBRpost-fire, and dMIRBImod indices in the RGB composite. Keywords: Fire, spectral behavior, orbital data.
INTRODUCTION
Satellites capture information from earth's surface through sensors with data available in the form of orbital images. Thus, they represent a tool of high value due to the possibility of obtaining information in large areas of difficult access (BOSCHETTI et al., 2010) . The use of remote sensing has been very useful and effective in the estimation of areas affected by fire, as well as in the evaluation and monitoring of forest fires at different scales (LHERMITTE et al., 2011; SANTOS et al., 2018) . Its use enables the advancement of studies on the dynamics of forest fires by monitoring changes in the surface. 554 FLORESTA, Curitiba, PR, v. 48, n. 4, p. 553-562, out/dez.2018 Pereira The identification of burned areas from remote sensing is based on the analysis of their spectral behavior. After the action of the fire, it is possible to observe changes the influence the spectral response, which are ash and coal deposition; regrowth; and reduction or removal of vegetation (BOSCHETTI et al., 2010) . Each of these features a reflectance value in the range of the electromagnetic spectrum.
According to Garofalo et al. (2015) and Li et al. (2017) , the classification of images, i.e., the extraction of information, can be done by several methods -digital analysis, quick retrieval, and visual, more laborious, analysis. These forms of analysis can bring solutions to digital methods, regarding the best results obtained by the human visual system. Nevertheless, there are still several gaps and limitations to be filled, in addition to the lack of data that describe in detail the occurrence of the fire in an area of interest. Therefore, burned area mapping remains an active topic in research involving remote sensing (STROPPIANA et al., 2012) .
The unsupervised classification of images is quite efficient in extracting information from satellite images. In this process, it is possible to use algorithms to recognize the classes within a data set that considers the spectral characteristics of the pixel and groups them according to the values present in each one (GAROFALO et al., 2015) . An important point in this process is the use of easy-to-obtain spectral indices, which have good performance, provide a reduction in processing time, and eliminate subjectivity in the discrimination of fire-affected areas (VERAVERBEKE et al., 2012) . Fire mapping studies using spectral indices show that the Normalized Burned Ratio (NBR), which attempts to maximize the reflectance change due to fire, stands out in the expected objective, even though the Soil Adjusted Vegetation Index (SAVI) has greater overall accuracy in the delineation of burned versus unburned areas (NORTON et al., 2009) .
It is worth mentioning that these spectral indices are sensitive to changes in different physiognomies, as they result from mathematical expressions that use reflectance values (PEREIRA et al., 2016) . For example, the Normalized Difference Vegetation Index (NDVI) is sensitive to vegetation chlorophyll or absence of vegetation in the case of burned areas, being widely used because it is obtained simply (STROPPIANA et al., 2012) . In addition, regarding the procedure of difference on bi-temporal images (pre and post-fire), the NDVI is also widely adopted, including for spectral indices, based on the detailed choice of pre-fire images that best emphasize the features of the burned-area (CARVALHO-JÚNIOR et al., 2015) .
In the Cerrado, fire can occur naturally, since it is part of the ecology of this biome. However, increasing frequency and recurrence of fire in this region change forests and cause disturbances in ecosystem ecology (PEREIRA et al., 2016) . Anthropic practices result in increased susceptibility to fire occurrence in these areas, due to intensive soil management in the Cerrado region, which has a well-defined dry season and susceptibility to fire occurrence.
In this context, based on the hypothesis that it is possible to detect burn scars through spectral indices, this study aims to evaluate the performance of these parameters in the identification of burn scars. This research will be carried out through a temporal analysis of the images from OLI/Landsat-8 satellite in the Cerrado region of the state of Tocantins, Brazil.
MATERIAL AND METHODS

Area of study
The area of study is located in the orbit/point 221/68, between the coordinates 10º 52' 50" -12º 23' 50" S and 47º 37' 20" -46º 05' 20" W, and covers an area of 1,267,913.78 hectares, covering the municipalities of Almas, Dianópolis, Novo Jardim, Ponte Alta do Bom Jesus, Porto Alegre do Tocantins, Rio da Conceição and Taipas do Tocantins. This region covers about 11% of the Serra Geral do Tocantins Ecological Station (ESCEC) and 35% of the Serra da Mombuca Environmental Protection Area (APA). In addition, it contains the priority area for implementation of a conservation unit of the Vale do Rio das Palmeiras (valley).
In this context, the average annual precipitation is around 1,600 mm and the average air temperature around 26 ºC. The climate is characterized, according to Thornthwaite's classification, as C2w2A´a`, humid sub humid climate, with small water deficiency, potential annual evapotranspiration of 1,600 mm (distributing, in summer, around 410 mm over the three consecutive months with higher temperature). The vegetation is composed almost completely of savanna formations that include rupestrian field, vereda, Cerrado sensu stricto, park of Cerrado, and Cerradão.
Acquisition and preprocessing of images
For the performance of this study, we used two sensor images from Operational Land Imager (OLI) on board the satellite Landsat-8, with 30 meters of spatial resolution. The images refer to the orbit/point 221/68 on the dates of July 19, 2016 (pre-fire) and September 7, 2016 (post-fire) . The acquisition took place through the database United State Geological Survey (USGS). FLORESTA, Curitiba, PR, v. 48, n. 4,  Initially, the image was converted into radiance values, based on parameters from the metadata file provided by the USGS. Then, the atmospheric correction was performed with the aid of the algorithm FLAASH, which uses the radiative transfer code MODTRAN. This correction was performed to minimize the effects of the atmosphere on the image and to put the data in the same scale (CARVALHO et al., 2017) , since these effects affect reflected radiance (MOSES et al., 2012) .
Image processing
Semiautomatic methodology
In order to obtain the burned area by means of the semiautomatic methodology, the image processing was divided into three phases (Figure 1 ). 
Calculation of spectral indices
The first phase consisted of the calculation of the spectral indices most used in the literature for the discrimination of burned areas. These indices were divided into two groups according to the combination of bands used, and calculated based on the equations described in Bastarrika et al. (2011) and Xue and Su (2017) : (a) indices that use the combination of band 4 (red) + band 5 (near infrared) -NDVI, MSAVI, SAVI, and GEMI; (b) indices that use the combination of band 5 (near infrared) + band 7 (shortwave infrared) -NBR, BAIMmod, and MIRBImod. The last two indices were modified for this study by altering the original equations of the indices BAIM and MIRBI, respectively.
Thus, the seven indices were calculated for the pre-fire image (June 2016) and for the post-fire image (September 2016). Afterwards, we obtained the difference image for each index through the operation between the two images: dNDVI, dMSAVI, dSAVI, dGEMI, dNBR, dBAIMmod, and dMIRBImod, in order to attain information on the changes occurred in the period analyzed.
Colored composition of indices
In the second stage of the study, we carried out the production of colored compositions (RGB). These compositions were made through combinations among the spectral indices generated. The study aimed to highlight the areas affected by fire and thus facilitate the next process of segmentation and classification, since, from this method, the scars of burnings occurred in a certain period are detached from other features that may have characteristics similar to those of burnings. Owing to the fact that it is a temporal analysis, the color composition presents characteristics as a function of the variation that occurred in the considered period. Thus, 
Segmentation of image classification
Burned area
Cal cul at ion of spectral indexes
Difference image (Pre-fire -Post-fire) the most constant targets over time, such as water bodies and exposed soil areas, are distinct from burn scars because they result from abrupt changes in vegetation greenness (CÂNDIDO, 2014) .
We made six RGB compositions from the indices generated, using six different methods to obtain burned area. The combinations were based on the research done by Cândido (2014) , which used this type of composition with indices to highlight the areas affected by fire, especially the color composition with the NBR index in the red channel (R), dNBR in the green (G) and dNDVI in blue (B). Hence, based on this combination and on tests performed with the indices generated during image processing, the formation of the compositions was standardized using dNBR in the channel R, NBRpost in G-channel, and each index in B-channel resulting from the pre and post-fire.
Segmentation of image classification
In the third stage, we performed the segmentation and classification of the colored composition submitted to the algorithm of segmentation Mean Shift. This unsupervised method performs groupings by regions, according to the mean value of the pixels, for which they have established thresholds values for image segmentation.
The segmented image underwent a training phase in which we took samples from the present classes. For this purpose, we established three classes: (1) burned; (2) unburned; and (3) vegetation. These samples were used in the following unsupervised classification process using the algorithm Classification Maximum Likehood, which distributed the image in the classes defined above. Therefore, it was possible to extract the class of interest for the study (burned area).
Subsequently, this image was converted into vector file to obtain the following information: size of the burned area; classification of the burned area (I < 25 ha; II: 25.01 to 100 ha; III: 100.01 to 1600 ha; IR > 1600 ha); and number of polygons. Finally, we performed the intersection of the polygons obtained by the segmentation that manually generated polygons (reference methodology).
Reference methodology
The visual interpretation of burn scars was the form used to obtain data during the study. This interpretation is a technique traditionally used to detect burned areas. Although it is a time-consuming process, the strategy is considered relatively simple and allows obtaining reliable results. Generally, the data obtained are used to validate and evaluate the accuracy of burned area algorithms, as observed in the study of Bastarrika et al. (2014) .
In order to delimit the scars present in the image of September 7, 2016, we used the RGB color composition formed by bands 7 (short-wave infrared), 5 (near infrared), and 4 (red), respectively. From this composition, it was possible to identify the burned areas and distinguish them from similar targets, precisely by highlighting the area that was hit by fire. Such information generated through this methodology related to burned area was also associated to the classes of soil coverage and use, from the region studied. It was made available as vector file by the Center for Environmental Monitoring and Fire Management (CeMAF). We did likewise in relation to the burned area verified by each method described above.
Accuracy analysis
To measure the accuracy of the methods, we calculated the Kappa index, which was used to evaluate the proximity between the reference and the other methods tested (CARVALHO-JÚNIOR et al., 2015) . We obtained this index through a confusion matrix generated by the comparison of the reference data, considered as "ground truth", in relation to the data generated by the semi-automatic classification. We made this matrix from the allocation of points systematically in the study area with the burn scars polygons, which we later classified as coincident or not with the polygons affected by the fire that each method has detected. In this sense, it was assigned 0 for unburned area and 1 for burned area.
In addition, such a confusion matrix enabled the calculation of errors of omission and commission of the methodologies evaluated. According to Kumar and Roy (2018) and Healey et al. (2018) , on the one hand, errors of omission refer to areas where the reference methodology identified a burn scar that other methodologies have omitted. Errors of commission, on the other hand, refer to areas that have been identified by the methods under test and that do not correspond to a scar in the reference methodology.
RESULTS
From the segmentation and classification of each colored composition made from the combination of the spectral indices, it was possible to obtain the total extension of the burned area of the study for September 2016. Table 1 shows the amount of burned area each methodology detected, along with their respective percentage of accuracy. This percentage was achieved through the intersection between the polygons of the FLORESTA, Curitiba, PR, v. 48, n. 4,  In this context, the reference methodology, which was obtained through visual interpretation of images and manual delimitation of the scars, quantified 128,351.50 hectares of burned area in the study region for the image of September 2016. These data were used in the validation and in the comparison carried out with the methods tested.
In relation to the burned area identified by other methods, the surface varied from 151,468.06 to 179,232.27 hectares, which were obtained by methods 2 (dNBR, NBRpost, dMSAVI) and 3 (dNBR, NBRpost, dSAVI), respectively. Both methods used the red and near-infrared bands. Regarding the accuracy percentage of the methods tested, which was obtained through their intersections with the reference methodology, there was an accuracy rate of 85.54% to 92.46%, registered by methods 5 (dNBR, NBRpost, dBAIMmod) and 3 (dNBR, NBRpost, dSAVI), respectively. It is worth noting that this result demonstrates the methods' ability to correctly delimit the burn scars.
Thus, errors of commission varied from 7.54 to 14.46% when identified by methods 3 (dNBR, NBRpost, dSAVI) and 5 (dNBR, NBRpost, dBAIMmod), respectively, while errors of omission varied from 22.17 to 33.79% when identified by methods 2 (dNBR, NBRpost, dMSAVI) and 3 (dNBR, NBRpost, dSAVI). Regarding the accuracy percentage, method 3 in addition to presenting a higher accuracy rate also presented a lower rate of commission errors.
Furthermore, the Kappa value was calculated for each method in order to measure its accuracy. It was possible to observe a variation from 0.70 to 0.89, obtained by methods 5 (dNBR, NBRpost, dBAIMmod) and 6 (dNBR, NBRpost, dMIRBImod), respectively. The variation was rated from very good to excellent.
Moreover, the scars in the observed areas were divided into size classes (Table 2) , in order to assess the influence of the size of the burns on the detection process. For this, spectral indices were used. Based on this, we sought to understand the influence of the size of the burned areas on the chances of these areas being detected due to the spatial resolution of the sensors used and/or the low energy emitted in these events. For all the methods tested, the greatest number of polygons was concentrated in class I (less than 25 ha), representing approximately 90% of the polygons identified. Meanwhile, in the reference data, polygons of the same class accounted for approximately 60% of the total. It was possible to observe an overestimation of the number of polygons in areas smaller than 25 ha. However, when compared to the area corresponding to the number of polygons in class I, it represents, on average, only 3% of the total area identified for both the methods and the reference. In the other size classes (II, III and IV), the number of polygons decreased as the area increased. The average number of polygons for these classes was 20, 18 and 1% for the reference polygons, and approximately 4, 4 and 1% for the methods ones, respectively. Regarding the burned area, approximately 25 and 54% of the area obtained by both the methods tested and the reference, respectively, are in class III (between 100.00 and 1600 ha). In class IV, the reference methodology obtained 36% of the area, while the methods tested obtained, on average, 68%.
In relation to the spectral behavior of the burned areas, the reflectance values of the polygons of burned area referring to the bands used in the index composition were extracted: band 4 (red), band 5 (near-infrared) and band 7 (short-wave infrared), before and after the fire, as shown in Figure 2 . Figure 2 . Reflectance values for bands 4 (red), 5 (near infrared) and 7 (short wave infrared), before and after fire. Figura 2. Valores de reflectância para as bandas 4 (vermelho), 5 (infravermelho próximo) e 7 (infravermelho de ondas curtas), para antes e depois do fogo.
The largest variations between before and after the fire were found in bands 4 (0.045 -0.108) and 7 (0.035 -0.060), which showed a considerable increase in reflectance values obtained before and after the fire. Band 5 presented a smaller difference between the values of before and after the fire (0.061 -0.078). The reflectance values obtained by the methods tested were lower than the reference ones. This may have been caused by errors, since there were reflectance values that did not correspond to burned areas.
The burned area data obtained by the reference methodology were associated to the classes of land cover and use ( Figure 3) . As can be seen in Figure 3 , the classes most affected by the fire were the rural formations, which include fields and the campo rupestre (approximately 48%), followed by forest formations of Cerrado, which include gallery forest/ciliary forest and the Cerradão (approximately 18%), and the Cerrado sensu stricto (7%). Anthropogenic agricultural areas, which include agriculture and livestock, presented 5% of burned areas, while the other classes presented values below 1%. In addition to obtaining the burned area within the classes of cover and land use, the distribution of errors in relation to the classes can also be analyzed. This analysis makes it possible to understand in which classes the method underestimated (omission) and overestimated (commission), due to an eventual confusion of spectrum. In Table 3 , these errors, distributed by class of land cover and use, can be observed for each method. Most commission errors were concentrated on rural formations, and were responsible for almost half of the overestimations (42.61 to 51.03%). Following these errors, there are the ones in the anthropogenic agricultural areas (12.31 38.04%) and in the Cerrado sensu stricto (13.25 to 21.93%). The errors of omission were higher in rural formations (25.80 to 50.06%), in Cerrado forest formations (15.15 to 29.72%) and in Cerrado sensu stricto (22.59 to 27.94%).
DISCUSSION
The use of spectral indices on the identification of burned areas in the Cerrado region studied proved to be favorable and efficient. Although the Cerrado has a more widespread vegetation, spectral saturation was not a limiting factor, allowing the recognition of small differences in the relative amount of green biomass (STROPPIANA et al., 2012) . Regarding the identification of burned areas, the methods tested proved to be similar. However, methods M6 and M2 presented higher values for both accuracy percentage and Kappa values. These methods may be considered efficient in the identification of burned areas in the studied region, and are considered excellent by Kaliraj et al. (2017) .
The results obtained for M6, composed of the MIRBImod index, corroborate those of the study carried out by Stroppiana et al. (2012) , in which the ability to reduce the confusion between burned areas and vegetation was observed. The result of M2, which used the dSAVI, is linked to the fact that this index includes an adjustment factor related to the direction of the soil line, ie to the soil reflectance regression line in the band 4 (R) relation and band 5 (NIR) (QI et al., 1994) . Veraverbeke et al. (2012) found that the SAVI outperformed the NDVI in environments with a single vegetation type, making it clear that this index attempts to minimize background variability. Another factor that contributed to the similarity between the methods and their good performance was the use of the indices dNBR and NBR in all compositions. Both stand out in comparison to other indices, since they essentially work with both the near-infrared and short-wave infrared bands. (PEREIRA et al., 2016; VERAVERBEKE et al., 2012) .
In order to understand the spectral behavior of the fires, it is necessary to analyze the reflectance values of the spectral bands before (pre-fire) and after the fires (post-fire). It is then possible to identify in which bands there is a greater sensitivity in the spectral response of the areas affected by the fire. Generally, the burned areas present lower values in the visible spectrum. These values increase according to the shift to larger wavelengths, due to the physico-chemical characteristics of the burned vegetation and the contribution of the soil (PEREIRA et al., 2016) .
The spectral indices are calculated based on the reflectance values of the orbital sensor bands. In this sense, the vegetation characteristics directly influence the temporal variations of these values. The pigments in the leaves are responsible for changes in the visible spectrum (PLENIOU; KOUTSIAS, 2013), since chlorophyll absorbs solar energy in the blue and red regions, especially on this range (ABRAHÃO et al., 2013) . Thus, the green color is intensely reflected. In the present study, reflectance values in the red region (band 4) presented an increase after the fire, a fact also reported by Schepers et al. (2014) . According to Toniol et al. (2017) , the Cerrado vegetation presents values of reflectance higher than normal in the visible spectrum. This occurs due to the onset of leaf senescence (loss of water).
As for the near-infrared region (NIR), the values tend to decrease after the occurrence of a burn, since this range presents low absorption of solar energy by the leaves and, therefore, high reflectance (SCHEPERS et al., 2014; TONIOL et al., 2017) . There are several studies in the literature that verify the decrease of this value in the NIR region after the event of fire in different types of vegetation (SCHEPERS et al., 2014; SANTOS et al., 2018) . However, different results were found in a study carried out by Pereira et al. (2016) . The authors observed an increase in the reflectance value in this channel in a Savanna region. This increase can be explained by the presence of dry soils and whitish colors (such as the neosols that predominate in the studied region), as well as by the scattering of the ashes due to the characteristic wind of the region (PEREIRA et al., 2016) . In the present study, an increase in the reflectance values in band 5 (near-infrared) was observed. The difference, however, was subtle, corroborating the work of Pereira et al. (2016) , which found a low variation in NIR values for the Jalapão region.
In the wavelength of the short-wave infrared (SWIR), reflectance is characterized by the presence of water on the leaf. Thus, the loss of the water contained in the tissues of the plants determines the increase of reflectance in this channel after a fire (TONIOL et al., 2017) . Band 7 (short-wave infrared) presented an increase in the reflectance value. In the study carried out by Pereira et al. (2016) , small changes in these values were identified with a subtle increase after the occurrence of a fire.
CONCLUSIONS
 The use of spectral indices presented a good performance in the identification of burned areas in the Cerrado region, with little difference among the methods tested.  The spectral behavior of the burned areas in the red, near-infrared and short-wave infrared regions have characteristics that highlight the burned areas, and the combination of these characteristics is a way to obtain an even better result.  The use of indices that combine near-infrared and short-wave infrared bands is the best way to identify burned areas.
